A number of studies have revealed that there is an increasing incidence of early-onset colorectal cancer (CRC) in young adults (before the age of 50 years) and a progressive decline in CRC among older patients, after the age of 50 years (late-onset CRC). However, the etiology of early-onset CRC is not fully understood.
Introduction
Colorectal cancer (CRC) is the third most common cancer in males, and the second most common in females, with an incidence of ~1.1 million new cases and 551,269 mortalities per year worldwide in 2018 (1, 2) . Although there has been significant progress in cancer screening programs, the survival rate of patients with CRC remains unsatisfactory (3) . In the past 20 years, the 5-year survival rate of patients with early-stage CRC was 69%, while that of patients with advanced-stage disease was 12% (4) . The high mortality of CRC is in part due to limitations in the currently available therapies, which are the result of a limited understanding of the molecular mechanisms underlying CRC (5) . Several factors are associated with the development of CRC, including smoking, obesity and alcohol consumption (6) . In addition, it is estimated that genetic factors account for ~30% of CRC cases (7) . However, the precise molecular mechanism remains unclear. It has been reported that early-and late-onset CRC may evolve in distinct ways, and
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there may be different molecular mechanisms according to the age at onset (8) . Compared with late-onset CRC in patients who were diagnosed after the age of 50 years, early-onset CRC, before the age of 50 years, is more frequently associated with aggressive histology and distant metastasis (9) . Although numerous efforts have been made to elucidate the genetic mechanism underlying CRC, the treatment of early-onset CRC remains challenging (10, 11) . Therefore, there is an urgent need to uncover the mechanisms of this disease. High-throughput platforms have been widely used to search for genetic biomarkers for CRC. Microarrays have the capacity to analyze genes implicated in the development of CRC (12) (13) (14) . Sun et al (15) used integrated bioinformatics analysis to identify seven genes that may serve as novel biomarkers for CRC. He et al (16) identified four long non-coding RNAs associated with the progression of CRC by analyzing gene data cohorts and constructing a competing endogenous RNA network. Zhang et al (17) used a bioinformatics approach to demonstrate that the hypermethylation of CpG islands in transforming growth factor β induced was associated with poor disease-free survival rates in patients with CRC. Furthermore, Yu et al (18) constructed a weighted gene co-expression network analysis (WGCNA) and revealed that ribosomal proteins play a key role in the development of CRC. However, to the best of the authors' knowledge, no previous studies have uncovered the mechanism of early-onset CRC.
In the present study, the GSE39582 dataset (11) was downloaded from the Gene Expression Omnibus (GEO) database and the gene expression data and clinical information of patients who were diagnosed with CRC before the age of 50 years were selected for further investigation. WGCNA was subsequently used to identify the most relevant modules in early-onset CRC. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed on the hub genes and a protein-protein interaction (PPI) network was constructed. The diagnostic values of the hub genes that had a high degree score of protein-protein connection in the PPI network were analyzed. The genes identified in the present study may shed new light on the molecular mechanisms underlying the progression of early-onset CRC, and may serve as novel prognostic biomarkers.
Materials and methods
Data collection and preprocessing. The normalized gene expression dataset GSE39582 (19) and the corresponding clinical data were retrieved from the GEO database (www. ncbi.nlm.nih.gov/geo) using a GPL570 platform (Affymetrix Human Genome U133 Plus 2.0 Array). The GSE39582 dataset contained the gene expression information of 566 CRC tissues and 19 adjacent non-tumorous colorectal mucosal samples from patients with CRC. In order to explore the key genes associated with the progression of early-onset CRC, 53 CRC samples from patients in the GSE39582 dataset who were diagnosed before the age of 50 years were selected and used as the discovery dataset. Therefore, the gene expression information and clinical traits of the aforementioned 53 CRC samples were used in the present study. Ten clinical traits were studied in the present study, and included sex, age, tumor-node-metastasis (TNM) stage, T stage, M stage, N stage, recurrence-free survival (RFS) event (time from surgery to the first recurrence that was capped at 5 years), RFS days, overall survival (OS) event (time from surgery to death) and OS days. Prior to WGCNA, the probes without known gene symbols were filtered, and the collapse Rows function (version 1.17.0) (20) was used to merge the retained probes and gene symbols in expression profiles in the dataset. In the present study, the sample quality of the discovery dataset was assessed by sample clustering, according to the inter-array correlation (IAC) (21) ; an IAC >0.2 in the sample clustering tree was considered as the criterion for screening outlier samples. Based on this criterion, no samples were eliminated from the present study.
Co-expression module detection. The R package WGCNA (version 1.66) (22) was used to generate the gene co-expression network for the selected genes in the GSE39582 dataset. According to the variation of median absolute deviation (23), the expression profile of the top 10,000 genes and information about their clinical traits were used to construct the WGCNA. The threshold for identifying outlier samples was set as 0.2. All genes were then analyzed with each other using the Pearson's correlation test, and a matrix of similarity was constructed based on this analysis. A soft power of β=6 was selected based on the scale-free topology criterion of >0.85 (22) . The adjacency matrix of gene expression data from all patients with early-onset CRC was then clustered using topological overlap matrix analysis. Finally, the dynamic tree cut algorithm in the R package WGCNA (version 1.66) (22) , was applied to the dendrogram for module identification with the mini-size of module gene numbers set as 200.
Identification of clinically significant modules. In the present study, the module eigengene (ME) was used to represent each module, and was determined by the first principal component obtained from the principal component analysis of the expression matrix of each gene. In addition, the Pearson's correlation between the ME of each module and clinical information was defined as module significance (MS). The gene modules with an ME >0.3 and an MS <0.05 were considered significant in relation to clinical traits. All genes in these significant modules were selected for further analysis.
Screening and functional annotation of module hub genes.
Hub genes are usually considered to be important in the majority of biological processes in the gene module (24) . In the present study, all genes in the significant modules were screened to identify the hub genes, based on a gene significance (GS) >0.2 and module membership (MM) >0.8. The corresponding module hub gene information was subsequently uploaded onto the Database for Annotation, Visualization, and Integrated Discovery (DAVID; david.abcc.ncifcrf.gov) (version 6.8) to perform GO (http://geneontology.org/) and KEGG (https://www.genome.jp/kegg/) analyses. P<0.05 was used as the screening threshold.
PPI network construction and key gene screening. The Search
Tool for the Retrieval of Interacting Genes (STRING; version 11.0; www.string-db.org) is a database that provides information for known and predicted PPIs (25) . In the present study, STRING was used to analyze the PPIs among the module hub genes associated with tumor TNM stage in patients with early-onset CRC. A confidence score >0.4 was chosen to construct the PPI network, which was subsequently visualized using Cytoscape software (version 3.7.0) (26) . Genes with ≥5 degrees were considered to be the key genes in the PPI network (27) .
Validation of key genes in The Cancer Genome Atlas (TCGA) samples. The prognostic value of the key genes identified from the analysis of the PPI network was tested in the publically available TCGA-COAD (colon adenocarcinoma) dataset (https://portal.gdc.cancer.gov/). The TCGA-COAD dataset contains 480 patients with CRC, after screening out patients without information of diagnostic age, 419 patients were included as the validation dataset, which contained 53 patients with early-onset CRC and 366 patients with late-onset CRC. The associations between the key genes and the prognosis of patients with early-onset CRC were evaluated using Kaplan-Meier survival analysis in Prism (version 6.01; GraphPad Software, Inc.). All the patients were divided into high-expression and moderate-low expression groups according to the quartile method. Kaplan-Meier curves were constructed to determine the OS time and the log-rank test was used to compare the survival distribution. In addition, to further verify whether the key genes were uniquely associated with early-but not late-onset CRC, survival analysis validation of the key genes was performed using TCGA late-onset CRC samples. P<0.05 was considered to indicate a statistically significant difference.
Results
Construction of the co-expression network and identification of key modules. Following the exclusion of late-onset patients, 53 early-onset CRC samples and the corresponding clinical information were used for WGCNA ( Fig. 1 ) using a soft power of β=6 as the soft threshold (Fig. 2) . A total of seven co-expressed modules were obtained, and genes, which were not assigned to a specific module were distributed in the grey module (Fig. 3) . The seven co-expressed modules were used for further analysis.
Identification of significant modules and module hub genes.
In the WGCNA, the association between modules and clinical data was investigated using Pearson's correlation analysis, and four modules were found to be significantly associated with clinical traits. The red module was significantly associated with age (R=0.38; P=0.005) and RFS delay time (R=-0.32; P=0.02), while the brown module was significantly associated with RFS delay time (R=-0.31; P=0.02) and OS delay time (R=-0.3; P= 0.03). The turquoise module was significantly associated with TNM stage (R=-0.42; P=0.002), OS event (R=-0.31; P=0.009) and OS delay time (R=0.31; P=0.02) and the blue module was significantly associated with TNM stage (R=0.31; P= 0.02) and RFS event (R= 0.35; P= 0.01). Considering that TNM stage plays an important role in evaluating the biological behavior and prognosis of CRC (28) , the modules associated with TNM stage were considered to be the most important modules in the present study. The modules associated with TNM stage were the blue (R= 0.43; P<0.001) and turquoise (R=0.56; P<0.001) modules. The blue and turquoise modules contained 1,874 and 3,331 genes, respectively. All genes in the blue and turquoise modules were screened based on a GS>0.2 and an MM>0.8 (Fig. 4) . Finally, 95 blue and 45 turquoise hub genes were screened for further functional analysis. 
GO function and KEGG pathway annotation of module hub genes.
In order to better understand the biological function of the hub genes in the two modules, the 140 hub genes were uploaded onto the DAVID database for GO functional annotation and KEGG pathway analysis. The genes were mainly enriched in four GO terms: 'mitochondrial large ribosomal subunit', 'structural constituent of ribosome', 'poly(A) RNA binding' and 'collagen binding and protein ubiquitination'. The KEGG pathway enrichment analysis revealed that the module hub genes were significantly involved in pathways associated with ribosomes.
PPI network construction and module analysis. The PPI network was composed of 85 nodes and 152 edges and was exported from the STRING database and visualized using Cytoscape software (Fig. 5 ). A total of 26 genes with ≥5 degrees were identified in the PPI network and were selected for further validation using TCGA samples.
Validation survival analysis of key genes in TCGA samples.
All 26 key genes [acetyl-CoA acetyltransferase 2, baculoviral IAP repeat containing 5, cyclin F, chromatin licensing and DNA replication factor 1, collagen type VI α 2 chain, cold shock domain containing C2 (CSDC2), decorin (DCN), DEAD-box helicase 28 (DDX28), EGF containing fibulin extracellular matrix protein 2, fibrilin 1 (FBN1), insulin like growth factor binding protein 7, IMP U3 small nucleolar ribonucleoprotein 4, minichromosome maintenance complex component 5, mitochondrial ribosomal protein L2, mitochondrial ribosomal protein L11, mitochondrial ribosomal protein L17, mitochondrial ribosomal protein S12, matrix remodeling associated 8, MYB binding protein 1a, origin recognition complex subunit 1, RNA polymerase II subunit E, proteasome 26S subunit-ATPase 3, secreted protein acidic and cysteine rich (SPARC), transgelin (TAGLN), WD repeat domain 1, WW domain containing transcription regulator 1 (WWTR1)] identified from the PPI network were analyzed using TCGA-COAD dataset. All patients in TCGA-COAD dataset who were diagnosed before the age of 50 (n=53) were selected for survival analysis. Patients were divided into high-expression (n=14) and moderate-low expression (n=39) groups according to the quartile method. Kaplan-Meier curves were constructed to determine the OS time. The results revealed that seven genes, including SPARC, DCN, FBN1, WWTR1, TAGLN, DDX28 and CSDC2, remained statistically significant prognostic factors for patients with early-onset CRC (P<0.05; Fig. 6 ). On the other hand, the expression level of these seven key genes was not significantly associated with OS time in patients with late-onset CRC (P>0.05; Fig. 7 ).
Discussion
In contrast to the decreasing incidence of late-onset CRC, the incidence and mortality of early-onset CRCs has been increasing (29) . According to the latest data, patients with early-onset CRC account for 2-8% of all CRC cases (30, 31) . Various studies have shown that polygenic changes play a key role in the development of early-onset CRC (10, 32) . However, there is a limited understanding of the latent molecular mechanism in the development and progression of CRC.
Gene expression data of patients with early-onset CRC extracted from the GEO dataset GSE39582 were investigated in the present study. WGCNA revealed that the functions of the genes associated with TNM stage in early-onset CRC were enriched in 'mitochondrial large ribosomal subunit', 'structural constituent of ribosome' and 'poly (A) RNA binding'. PPI network analysis and TCGA-COAD dataset revealed that there were seven genes with an important role in the progression of early-onset CRC, including SPARC, DCN, FBN1, WWTR1, TAGLN, DDX28 and CSDC2.
SPARC, a multifunctional calcium-binding glycoprotein, belongs to a group of matricellular proteins (33, 34) . Previous studies have shown that SPARC is usually secreted into the extracellular matrix and plays a key role in cellular processes, including proliferation, migration, adhesion and differentiation (33, 34) . SPARC is highly expressed in oral squamous cell carcinoma and has the potential to promote oral squamous cell carcinoma cell proliferation and metastasis (35) . Furthermore, the high expression level of SPARC indicated a poor outcome in patients with esophageal squamous cell carcinoma (36) . Additionally, the expression level of SPARC is associated with lymph node metastasis in pancreatic cancer (37) . However, a study by Chew et al (38) concluded that high SPARC expresion is associated with improved disease outcome in stage II CRC and may be a prognostic indicator of cancer-specific survival. DCN belongs to the small leucine-rich proteoglycans family (39, 40) . Accumulating evidence has shown that the DCN expression is dysregulated in several types of cancer, including pancreatic and breast cancer (39, 40) . The expression of DCN is decreased in renal cell carcinoma, and the ectopic expression of DCN can decrease cell proliferation and metastasis in renal cell carcinoma (41) . Overexpression of DCN also has the capacity to decrease CRC cell proliferation and migration by increasing the expression of cyclin dependent kinase inhibitor 1A and E-cadherin (42) . However, the present study revealed that DCN was associated with TNM stage, and a high expression of DCN predicted poor prognosis in patients with early-onset CRC. Therefore, further experimental studies are required to investigate the role of DCN in early-onset CRC.
FBN1 encodes fibrillin, which is the primary component of microfibrils in the extracellular matrix (43) . A previous study reported that downregulated FBN1 expression plays a key role in the development of germ cell tumors (44) . FBN1 is also a target gene of microRNA (miR)-133b and promotes gastric cancer cell proliferation and invasion (45) . Moreover, hypermethylated FBN1 was detected in patients with CRC but not in healthy controls, which suggested that hypermethylated FBN1 is a sensitive biomarker for CRC (46) . WWTR1 is a transcriptional coactivator with the capacity to combine with various transcription factors and promote their effect (47) . WWTR1 is highly expressed in renal cancer and is associated with TNM stage (48) . Furthermore, the nuclear localization of WWTR1 is correlated with worse clinical outcomes in lung squamous cell carcinomas compared to adjacent normal lung tissues (49) . Furthermore, another study suggested that WWTR1 expression may serve as a prognostic indicator and therapeutic target in CRC (50) . TAGLN is an actin stress fiber binding protein that stabilizes the cytoskeleton through actin binding and plays a key role in cancer cell migration, invasion and proliferation (51) . A previous study demonstrated that the expression level of TAGLN was decreased in bladder cancer compared to normal bladder mucosae tissues (52) . Exogenous TAGLN decreases the migration and proliferation of CRC cells in vitro (53) . However, in the present study, patients with early-onset CRC with high TAGLN expression were found to have a lower OS time compared with patients with moderate-low expression. Therefore, TAGLN may be an oncogene in early-onset CRC. DDX28, a conserved mitochondrial matrix protein, is essential for mitochondrial oxidative phosphorylation (54) . A previous study revealed that high DDX28 expression was associated with high risk of CRC (55) . CSDC2 is an mRNA-binding protein and a target gene of miR-373 (56) . CSDC2 plays a key role in decidua development (57) . However, its role in cancer development remains unknown.
In conclusion, the present study used WGCNA and other analysis methods, including GO, KEGG, PPI network and survival analysis, to identify seven genes (SPARC, DCN, FBN1, WWTR1, TAGLN, DDX28 and CSDC2) associated with the development and prognosis of early-onset CRC. These genes may serve as novel biomarkers for the diagnosis of early-onset CRC.
